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Abstract—Digital radars with low-resolution analog-to-digital
converters (ADCs) have attracted attention as a solution to
reducing the high digital processing complexity and power con-
sumption at the receiver. Radars employing low-resolution ADCs,
however, have a limited dynamic range, due to which high-radar
cross section (RCS) targets mask low-RCS targets. The masking
occurs because the quantized output is primarily determined
by returns from high-RCS targets. To enhance the dynamic
range of such radars, we propose to operate the ADC at a high
resolution in the initial slow-time slot of each radar frame. The
resulting high-resolution measurements are used together with
the known Doppler statistics of dominant targets to construct
a dither signal, which is used as a quantization threshold to
acquire low-resolution ADC measurements in the subsequent
slow-time slots. By incorporating situation awareness in the form
of Doppler statistics, our dither signal can suppress returns
from strong targets, effectively unmasking weak targets with
low-resolution measurements. We analyze system performance
in terms of the probability of detection and show that the
proposed approach outperforms existing methods in enhancing
the detection of weak targets. The simulations demonstrate that
our method significantly improves target detection and reduces
the normalized mean square error (NMSE) in the estimated radar
channel over comparable benchmarks.

Index Terms—Adaptive thresholding, digital low-resolution
radar, environment-aware dithering, one-bit compressive sensing,
situation-aware sensing.

I. INTRODUCTION

THE automotive radars have become indispensable for
enhancing the safety of advanced driver-assistance sys-

tems and fully autonomous driving systems [1]. Compared to
sensors such as cameras and LiDARs, radars provide robust
sensing capabilities, particularly under poor lighting conditions
or adverse weather [2]. Although typical automotive radars
employ analog frequency modulated continuous wave signals,
there is an increasing interest in digital radar architectures,
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which offer higher flexibility in waveform design and signal
processing [3], and superior interference rejection [4].

Digital radars quantize the analog signal obtained after
downconverting the received return to the baseband [5]. A
high sampling rate in digital radars results in a high-range
resolution, and a high-precision quantizer results in low quan-
tization noise. Achieving high-precision quantization requires
high-resolution analog-to-digital converters (ADCs), which
consume substantial power at high sampling rates. Further-
more, high-resolution wideband ADCs lead to an increased
hardware complexity and cost of the radar and generate large
data volumes that pose challenges in storage and processing
[6]. The limitations of high-resolution wideband ADCs pose a
challenge for automotive radars, where low-power consump-
tion, fast real-time processing, and low cost are critical.

Considering the challenges with high-resolution wideband
ADCs, recent work has studied the use of low-resolution
ADCs in radars [7], [8], [9], [10], [11], [12], [13]. In par-
ticular, one-bit ADCs can be realized using a comparator
that consumes significantly less power than its high-resolution
counterparts. With one-bit ADCs, the amplitude of the received
signal is reduced to just the polarity, i.e., positive or negative.
Due to such coarse quantization, radars employing one-bit
ADCs have a limited dynamic range, which impairs the
detection of low-radar cross section (RCS) targets in the
presence of stronger reflections [14], [15]. This is because
the quantized output of the ADC is primarily determined by
the stronger reflections from high-RCS targets, which makes
it hard to detect reflections from low-RCS targets such as
pedestrians. The reduced dynamic range with low-resolution
radars, such as one-bit radars, poses a risk in safety-critical
automotive applications.

A recent study has investigated methods to improve detec-
tion with low-resolution radars by introducing time-varying
thresholds at the ADC prior to quantization [16], [17], [18].
This process is called dithering, and the dither signal com-
prises time-varying thresholds. For example, Shang et al. [17]
employ a random dither signal, whose entries are uniformly
distributed in [−1, 1]. Although such a dither signal can
enhance the radar’s dynamic range in specific scenarios, it
does not adapt to the scene being scanned. In [18], a dither
signal is generated using the mean and covariance information
of reflection coefficients and Doppler shifts for the target
of interest and clutter. This article resolves the uncertainty
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in high-RCS reflection coefficients by acquiring a few high-
resolution samples, allowing the dither signal to be tailored to
the radar channel realization. Similar to [18] and [19] mitigate
clutter in one-bit radars by designing the dither signal using
clutter statistics, while [20] mitigates radio frequency interfer-
ence in one-bit radar by estimating the interference parameters,
assuming the interference to be significantly stronger than the
radar echo signal. In [21], the static quantization thresholds
are optimized by minimizing the Cramér–Rao lower bound
(CRLB) for target localization in a wireless sensor network.
Applying this approach in our framework, however, requires
solving an optimization problem to determine the thresholds
for every slow-time slot, making it less suitable for real-time
dithering. In [22], the quantization thresholds are recentered
based on coarse signal estimates; however, these remain fixed
across pulses. In contrast, our method generates time-varying,
Doppler-aware dither thresholds that adaptively cancel high-
RCS targets, enhancing the detection of low-RCS targets.
Finally, the dithering methods in [23], [24], and [25] are based
on filter design and numerical optimization, due to which
real-time dither signal generation is challenging. Our goal is
to develop a technique that adapts to the environment being
scanned, while aiding fast real-time generation of the dither
signal.

Prior work has studied sparse recovery-based parameter
estimation with multiple-input multiple-output (MIMO) radars
employing few-bit ADCs [15], [26]. When the targets are
widely spaced, these systems achieve similar performance as
radars with high-precision ADCs [26]. The performance with
few-bit ADC radars, however, deteriorates when the targets are
closely spaced or when the RCS of the targets is substantially
different [15]. Mixed-ADC MIMO radars, where a subset of
antennas is equipped with high-precision ADCs while the
rest employ one-bit ADCs, were investigated in [27] and
[28]. To address the dynamic range issue with one-bit ADCs,
Shang et al. [27] employed a dithering signal, whose entries
are first drawn from [−1, 1] and then scaled by the average
received signal amplitude. The mixed-resolution multi-output
architectures in [27] and [28] fix the ADC resolution over
time. In this article, we consider a single-output receiver whose
ADC resolution can be dynamically adapted over the slow-
time dimension.

Our framework sets the ADC resolution to a high value
(e.g., 16 bits) in the first slow-time slot and employs a low
resolution (e.g., 1 bit) in the subsequent slots within the
coherent processing interval (CPI). This slow-time resolution
adaptation can be achieved by dynamically tuning quanti-
zation thresholds [29], adjusting the oversampling rate in a
Σ-∆ ADC [30], or introducing resolution switches within a
successive approximation register ADC [31]. These methods
enable dynamic resolution adaptation within the same ADC
hardware.

The ADC architecture considered in this article differs
from the unlimited one-bit (UNO) design [32], which is
based on unlimited sampling [33] for signal recovery from
folded (modulo) measurements. The UNO ADCs operate in
an oversampling mode throughout the entire CPI, leading to
an increased data throughput and computational complexity.
In contrast, our method (with Σ-∆ ADCs) requires oversam-

pling only in the initial slow-time slot. The UNO addresses
quantization saturation by allowing signals that exceed
conventional ADC ranges to wrap around rather than clip,
thereby supporting high-dynamic range acquisition. The recon-
struction accuracy degrades with the input dynamic range
of the signal because the number of modulo operations
increases. Our situation-aware dithering technique can address
the dynamic range issue with [33], by performing analog can-
cellation prior to ADC quantization. Integrating UNO ADCs
within our framework is beyond the scope of this article and
would be an interesting direction for future work.

In our system, the initial high-resolution measurements are
used to estimate the range and RCS of strong reflectors.
These estimates, along with the Doppler statistics representing
environmental context, are then used to construct a situation-
aware dither signal. This dither is designed to suppress the
influence of high-RCS targets on the quantized measurements,
mitigating the masking effect and thereby enhancing the
detectability of low-RCS targets.

Our key contributions are summarized as follows.
1) We propose a situation-aware dithering technique that

uses a few high-resolution radar measurements and
Doppler statistics to generate a dither signal. The gen-
erated dither signal is used as a dynamic threshold in
acquiring low-resolution radar measurements.

2) We develop a three-stage procedure for radar channel
estimation from mixed-resolution measurements. The
first stage determines the range and RCS of dominant
targets to generate the dither signal. The second stage
estimates the radar channel from low-resolution mea-
surements acquired with the dither signal. Finally, the
third stage compensates for the scaling ambiguity in the
estimated radar channel.

3) We derive the probability of detection as a function of
the dither signal, by considering a two-target scenario.
Using the derived probability, we numerically show that
the designed dither signal achieves better detection than
existing dithering methods.

4) We show by simulations that our approach enhances the
detection of low-RCS targets and reduces the normal-
ized mean square error (NMSE) of the estimated radar
channel over comparable benchmarks.

In this article, we assume that the maximum number of
targets in any range bin is one, e.g., it is not possible to observe
targets at 10 m with two different Dopplers. In practice, this
assumption can be justified when the radar has sufficient range
resolution and can isolate returns from each direction by
employing beamforming. We also consider the extreme case of
1-bit for low-resolution quantization. Our framework, however,
can be directly applied to radars using few-bit ADCs by using
the appropriate likelihood function in our objective.

Notation: Scalars (e.g., x) are denoted in italic letters.
Deterministic vectors (e.g., x) are represented in italic bold
letters, while matrices (e.g., X) are denoted in italic bold
capital letters. Random variables (e.g., x) are represented in
normal letters, whereas random vectors (e.g., x) and random
matrices (e.g., X) are denoted in bold normal and bold capital
normal letters, respectively. The probability of an event is
denoted by P(·). The Hadamard product is denoted by � and
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Fig. 1. Transmit signal and resolution at the receiver ADC. We consider a
digital radar transmitter that periodically transmits a sequence s every PRI.
(a) Sketch of this signal. (b) Receiver uses an ADC whose resolution can be
adapted in slow time. In this article, the ADC’s resolution is set high only
during the first slow-time slot of each CPI.

the Kronecker product by ⊗. The complex conjugate operation
is denoted by (·)∗. (·)T indicates the transpose, while (·)H

represents the complex conjugate transpose (Hermitian).
For a vector x and matrix X, their real-valued representa-

tions, denoted by (·̃), respectively, are defined as

x̃ =

�
R (x)
I (x)

�
, and X̃ =

�
R (X) −I (X)
I (X) R (X)

�
where R(·) returns the real part and I(·) the imaginary part.

II. SYSTEM MODEL AND SPARSE CHANNEL RECOVERY

We consider a digital radar system in a single-input
single-output configuration. The transmitted signal, shown in
Fig. 1(a), is constructed by periodically repeating the digi-
tal sequence s =

�
s(0) s(1) · · · s(N − 1)

�T, where N is the
sequence length, and (·)T denotes the transpose. We define Ts

as the chip duration and Tp = NTs as the pulse repetition
interval (PRI). We use L to denote the slow-time slots within
each CPI. These slots are indexed by ` ∈ {0, 1, 2, . . . , L−1}. As
shown in Fig. 1(b), our receiver uses an infinite resolution at
the ADC in the first slow-time slot (` = 0) and 1-bit resolution
in the remaining L − 1 slots (1 ≤ ` ≤ L − 1).

In this section, we discuss the system model for 1-bit
measurements acquired using a generic dither signal and the
associated radar channel estimation algorithm. In Section III,
we explain how to use the high-resolution measurements from
the first slot to construct our dither signal and update the radar
channel estimate.

A. Measurement Model for One-Bit ADCs With Dithering

For the signaling structure in Fig. 1(a), the baseband repre-
sentation of the transmitted signal is

sTX (t) =

∞X
`=−∞

N−1X
n=0

s (n) p
�
t − nTs − `Tp

�
where p(t) is a rectangular pulse of duration Ts (unity for
0 ≤ t ≤ Ts and zero otherwise). We partition the range and
Doppler domains into Nr(Nr ≤ N) and Nd discrete bins, with
bins indices denoted by nr and nd, respectively. The received
signal is then

z (t) =

NrX
nr=1

NdX
nd=1

γnrnd sTX

�
t − τnr

�
e j2π fnd t + e (t) (1)

where τnr = nrTs denotes the time delay, fnd denotes the
Doppler shift, γnrnd denotes the reflection coefficient of the
target in the (nr, nd)th bin, and e(t) is the additive noise.

We derive the discrete-time representation of z(t) in (1)
over L slow-time slots. Such a representation models the
unquantized signal, which will be later dithered and quantized.
We ignore the phase variation due to Doppler within a PRI.
Under this assumption, the received baseband signal in (1) for
the `th slow-time slot is

z` (t) =
X
nr ,nd

N−1X
n=0

γnrnd s ((n + nr) mod N)

× p (t − (nr + n) Ts) e j2πνnd ` + e (t)

where νnd = fnd Tp, and (n+nr) mod N are the remainder when
(n + nr) is divided by N. The discrete-time representation of
z`(t) at the N time instances in {`Tp, . . . , `Tp + (N − 1)Ts} is
then

z` = SΓa` + e`

where Γ is the reflection coefficient matrix of the scene, and
a` is the steering vector, defined as

Γ =

26664
γ11 γ12 · · · γ1Nd

γ21 γ22 · · · γ2Nd

...
...

. . .
...

γNr1 γNr2 · · · γNr Nd

37775 ∈ CNr×Nd

a` =
�
e j2πν1`, e j2πν2`, · · · , e j2πνNd `

�T

S =

26664
s (0) s (N − 1) · · · s (N − Nr + 1)
s (1) s (0) · · · s (N − Nr + 2)
...

...
. . .

...
s (N − 1) s (N − 2) · · · s (N − Nr)

37775 . (2)

The goal of this article is to estimate Γ, the range-Doppler
radar channel matrix, from its mixed-resolution measurements.

We observe, from the ADC resolutions in Fig. 1, that the
signal received in the first slow-time slot is unquantized,
i.e., the receiver acquires z0. The remaining L − 1 vectors
corresponding to the subsequent slow-time slots, i.e., {z`}L−1

`=1 ,
are quantized to one-bit. To construct the one-bit measurement
model, we first write the collection of unquantized vectors as

Z = [z1, z2, . . . , zL−1] = SΓA + E

where A = [a1, a2, . . . , aL−1] is the Vandermonde matrix and
E = [e1, e2, . . . , eL−1] is the noise matrix. By vectorizing Γ as
γ = vec(Γ), and similarly defining z = vec(Z) and e = vec(E),
we obtain

z = Bγ+ e, B = AT ⊗ S. (3)

The vector z has N(L−1) entries as it models the unquantized
discrete-time signal for L − 1 slow-time slots. This vector is
first dithered, equivalently subtracted, using a discrete-time
representation of a known analog dither signal q(t). We denote
q = qR+ jqI as the discrete-time version of q(t) and write the
dithered signal as z−q. The dithered signal is finally quantized
using a one-bit ADC to output(

yR = sign
�
R [z] − qR

�
yI = sign

�
I [z] − qI

� (4)
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where sign(·) denotes the sign function which is −1 for nega-
tive arguments and + 1 otherwise. The complex measurement
vector y can then be written as

y = yR + jyI.

In automotive radar applications, the range-Doppler radar
channel Γ is sparse. The sparse structure is due to several
unoccupied cells in a high-dimensional range-Doppler grid
and the high scattering at typical carrier frequencies used
in automotive radars. Such a structure enables the use of
compressed sensing (CS)-based techniques, which can exploit
sparse priors in radar channel reconstruction.

B. One-Bit Sparse Recovery With Dithered Measurements

We discuss how Γ, equivalently its vector version γ, can
be estimated from the one-bit quantized measurements y and
the known dither signal q. To this end, we employ the one-
bit CS method based on log-sum penalty minimization [17].
While alternative one-bit CS methods could also be applied,
we would like to emphasize that the focus of this article
is not on sparse recovery itself, but on designing a dither
signal and estimating radar channels from mixed-resolution
measurements. Therefore, the one-bit CS algorithm, such as
the approach in [17], is just one component in our channel
estimation method.

The one-bit CS technique in [17] enforces sparsity by
minimizing the log-sum penalty discussed in [34]. Assume that
e is a independent and identically distributed (i.i.d.) circularly
symmetric complex Gaussian noise vector with zero mean and
unknown variance σ2. Specifically, the real and imaginary
parts of e(m) are independently distributed as R[e(m)] ∼
N (0, σ2/2) and I[e(m)] ∼ N (0, σ2/2), respectively. Under
this assumption, the negative log-likelihood of the signed
measurement vector is [16], [35], [36], and [37]

L (γ, σ) = −

NL−NX
m=1

log Φ

 
yR (m)

R
�
bT

mγ
�
− qR (m)p
σ2/2

!

−

NL−NX
m=1

log Φ

 
yI (m)

I
�
bT

mγ
�
− qI (m)p
σ2/2

!
where Φ(x) is the cumulative distribution function of the
standard Gaussian distribution, and bT

m denotes the mth row of
the matrix B. To express L(γ, σ) in compact form, we define
η =
√

2/σ, β = ηγ and write

L (β, η) = −

NL−NX
m=1

log Φ
�
yR (m)

�
R
�
bT

mβ
�
− ηqR (m)

��
−

NL−NX
m=1

log Φ
�
yI (m)

�
I
�
bT

mβ
�
− ηqI (m)

��
.

Note that estimating β is equivalent to estimating the radar
channel vector γ = β/η. The approach in [17] minimizes
the negative log-likelihood L(β, η) while enforcing a sparse
prior on β. This is achieved by adding a log-sum penalty as
a regularization term and minimizing the cost

G (β, η) = L (β, η) + α

Nr NdX
k=1

log
�
|βk |

2 + ε
�
.

Here, α > 0 controls the balance between data fidelity and
sparsity, and ε > 0 ensures numerical stability.

The cost G(β, η) is nonconvex, and the approach in [17]
derives convex majorization functions for both L(β, η) and
the log-sum penalty term. The estimate of β̃, the real-valued
representation of β, at the (t + 1)th iteration is obtained by
minimizing the majorized objective function [17], i.e.,

ˆ̃βt+1 =
�

B̃TB̃ + 2αD̃t
�−1 �

B̃T � g̃t + ηq̃
��
. (5)

The vector g̃t in (5) is [17]

g̃t =

�
yR (1) ut

R
(1) , . . . , yR (M) ut

R
(M)

yI (1) ut
I

(1) , . . . , yI (M) ut
I

(M)

�T

where we define

uR (m) = xt
R (m) + ψ

�
xt
R (m)

�
/Φ
�
xt
R (m)

�
. (6)

Here, ψ(·) is the probability density function (pdf) of the
standard normal distribution and

xt
R (m) = yR (m)

�
R
�
bT

mβ
t�
− ηqR (m)

�
. (7)

Similarly, uI(m) and xt
I
(m) are found by replacing R by I in

(6) and (7). Finally, D̃t
= diag([dt; dt]) with

dt =

"
1ˇ̌

β̂ (1)
ˇ̌2
+ ε

, . . . ,
1ˇ̌

β̂ (NrNd)
ˇ̌2
+ ε

#T

.

The computational complexity of the update in (5) is dom-
inated by the inverse operation over B̃TB̃ + 2αD̃t. In
Section III-D, we discuss an efficient choice of the trans-
mit sequence and the range-Doppler grid sizes that make
B̃TB̃ + 2αD̃t diagonal, thereby achieving a low-complexity
implementation.

III. SITUATION-AWARE DITHERING AND RADAR
CHANNEL ESTIMATION FROM MIXED-RESOLUTION

MEASUREMENTS

In this section, we propose our receiver architecture to
construct a situation-aware dither signal and perform channel
estimation. Our dither signal alleviates the masking effect
induced by high-RCS targets on low-RCS targets in one-bit
sparse recovery. As shown in Fig. 2, our architecture combines
Doppler statistics of high-RCS targets with their range and
RCS estimates, which are obtained from the first slow-time
interval (` = 0), to generate dither signals for subsequent slow-
time slots. Our dither signals, which “predict” future returns
from high-RCS targets, are subtracted from the received analog
returns for 1 ≤ ` ≤ L − 1.

We build toward our receiver architecture in Section III-C
by first considering a setting with one high-RCS and one low-
RCS target. While case 1 in Section III-A assumes that the
Doppler of the high-RCS target is perfectly known, case 2
in Section III-B assumes that only the probability distribution
of the high-RCS target’s Doppler is known. In both cases,
we describe our receiver architecture, which includes dither
signal construction and the range-Doppler channel estimation.
Finally, in Section III-C, we extend our receiver architecture to
a general scenario with multiple targets, each associated with
its own known Doppler distribution.

Authorized licensed use limited to: TU Delft Library. Downloaded on May 07,2026 at 09:23:18 UTC from IEEE Xplore.  Restrictions apply. 



1478 IEEE TRANSACTIONS ON RADAR SYSTEMS, VOL. 3, 2025

Fig. 2. Matched filter is applied over the high-resolution measurements from the first slow-time slot to detect high-RCS targets. The range and RCS estimates
of these targets, together with the Doppler statistics, are used to generate a dither signal. One-bit measurements are acquired in the subsequent slow-time slots
using the generated dither signal.

Fig. 3. Our dither signal generation method when the Doppler of a high-RCS
target is perfectly known. The use of our dither signal attenuates the effective
returns from the high-RCS target for slow-time slots ` ≥ 1, unmasking the
low-RCS targets.

A. Case 1: Receiver Architecture for Perfectly Known
Doppler (Single High-RCS and Single Low-RCS Target)

We assume that the high-RCS target’s Doppler is known a
priori and denote this Doppler as νd,H . By using this Doppler
information, future returns from the high-RCS target within
a CPI can be predicted. The prediction, however, requires an
estimate of the range and the RCS of the high-RCS target. To
estimate these quantities, we propose to use high resolution at
the ADC in the first slow-time slot, as shown in Fig. 1(b). The
high-precision measurements from this slot (` = 0), denoted
as z0[n], are processed using a matched filter to determine the
range and RCS of the high-RCS target. The matched filtered
signal z0, f [n] is given by

z0, f [n] =

N−1X
k=0

z0 [k] s∗ [n − k] . (8)

The amplitude and index of z0, f [n] at its maximum magnitude,
|z0, f [n]|, provide estimates for the RCS and range of the high-
RCS target. In scenarios with multiple high-RCS targets, a
user-defined threshold, µ, can be employed to identify such
targets. The high-RCS targets can be identified from the
indices where the matched filter magnitudes exceed µ, i.e.,
{n : |z0, f [n]| > µ}. In the single high-RCS target case, there

is only one such index. We denote γ̂H as the estimated RCS
and n̂r,H as the estimated range bin associated with the high-
RCS target. As the high-RCS target’s Doppler is known to be
νd,H , the return expected from this target in a subsequent slow-
time slot ` is given by γ̂H sn̂r,H [n]e j2πνd,H`. Here, sn̂r,H denotes a
circularly shifted version of the transmit sequence s by n̂r,H

units. In this case, we set the dither signal to the expected
return from the high-RCS target, i.e.,

q` [n] = γ̂H sn̂r,H [n] e j2πνd,H` ∀ ` ≥ 1. (9)

Our dithering technique for this case is shown in Fig. 3. The
analog version of the dither signal in (9) is subtracted from the
unquantized signal in the subsequent slow-time slots as shown
in Fig. 2. This dithering is performed to aid in detecting low-
RCS targets from the quantized one-bit measurements.

The receiver uses the dither signal in (9) to acquire the
one-bit measurement vector y using (4). The dither vector q
corresponding to (9) is

q =
�
q1, q2, . . . , qL−1

�
. (10)

The measurements acquired using q are used to estimate the
range-Doppler radar channel using (5). The estimate obtained,
however, is coarse due to two reasons. First, the effective
return from the high-RCS target is significantly attenuated due
to dithering, resulting in a reduced reflection coefficient for
this target in the channel estimate. This reduction is key to
observing the low-RCS target in the channel estimate from
one-bit measurements. Second, one-bit sparse recovery can
estimate the radar channel only up to a positive scale factor.
This is because sign(az) = sign(z) ∀ a > 0. To address the
high-RCS target attenuation with dithering and the scaling
ambiguity in one-bit sparse recovery, we propose a two-step
approach to separately determine the reflection coefficients
of high-RCS and low-RCS targets. Although we discuss
our two-step approach for the single high-RCS and single
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Fig. 4. Channel estimates in a scenario with a low-RCS target (|γ| = 0.1) and a high-RCS target (|γ| = 1) whose Doppler is perfectly known. Our method uses
Doppler information and high-resolution samples from the first slow-time slot to generate a dither signal. This dither signal enables low-RCS target detection,
unlike a conventional one-bit receiver with zero dither. (a) Conventional one-bit receiver (q = 0). (b) Proposed mixed-resolution receiver for known Doppler.

low-RCS scenario, the same procedure applies to the scenarios
in Sections III-B and III-C.

1) Channel Estimation With Mixed-Resolution Measure-
ments: Let β̂ob ∈ C

Nr Nd be the sparse vector estimated from
the one-bit measurements using (5). Its range-Doppler matrix
representation, denoted by X̂ob ∈ C

Nr×Nd , is obtained by
reshaping β̂ob such that β̂ob = vec(X̂ob). Given our assumption
that the maximum number of targets in any range bin is one,
some false alarms in X̂ob can be eliminated. This is done by
retaining only the strongest coefficient in each row (range-bin)
of X̂ob. To mask the false alarms, we define a binary matrix
Mob ∈ {0, 1}Nr×Nd as

Mob
�
i, j
�

=

8<:1, if j = argmax
k

|X̂ob [i, k] |

0, otherwise.
(11)

The masked channel estimate with no more than two targets
in any range bin is

X̂ob, filt = Mob � X̂ob. (12)

The estimate X̂ob, filt has range, Doppler, and RCS infor-
mation of the targets identified with one-bit sparse recovery
using (5).

We discuss how we estimate the radar channel correspond-
ing to high-RCS targets using Mob and the matched filter
output in (8) at ` = 0. As the high-RCS target is attenuated
in X̂ob due to dithering, we use the matched filter output to
estimate its range and RCS. The Doppler associated with the
high-RCS target in range bin n̂rh is determined from Mob as

n̂d,h = argmax
k

Mob
�
n̂r,h, k

�
.

The high-RCS radar channel matrix Γ̂high ∈ C
Nr×Nd is zero

everywhere, except at the locations where high-RCS targets
are identified. At those locations

Γ̂high
�
n̂r,h, n̂d,h

�
= γh. (13)

In a scenario with multiple high-RCS targets, Γ̂high is updated
according to (13) for each detected high-RCS target.

The radar channel corresponding to low-RCS targets can be
estimated by masking out all the high-RCS targets as

Γ̂low, SA =
�
Mob −Mhigh

�
� X̂ob, filt (14)

where Mhigh is a binary mask matrix that is 1 only at the
locations, where Γ̂high , 0. The low-RCS radar channel
estimate in (14), however, suffers from the scaling ambiguity
issue due to one-bit sparse recovery. Specifically, the estimate
Γ̂low, SA is accurate only up to a positive scaling. Our method
resolves the scaling ambiguity issue using high-resolution
measurements from the first slow-time slot.

To determine the scaling ambiguity in Γ̂low, SA, the high-
resolution returns from the low-RCS targets must be isolated.
We extract these returns, denoted by y0,low, by eliminating the
estimated returns from the high-RCS target from y0, i.e.,

y0,low = y0 − SΓ̂higha0.

Now, the high-resolution samples expected from the low-RCS
targets can be expressed as δSΓ̂low, SAa0, where δ > 0 is the
unknown scaling. We find δ by minimizing the error between
δSΓ̂low, SAa0 and y0,low, i.e.,

δ̂ = argmin
δ



y0,low − δSΓ̂low, SAa0


2

2 . (15)

Our channel estimate corresponding to the low-RCS targets is

Γ̂low = δ̂Γ̂low,SA.

Finally, our range-Doppler radar channel estimate is given by

γ̂ = vec
�
Γ̂low + Γ̂high

�
(16)

where γ̂ includes the reflection coefficients of both the high-
and low-RCS targets. From Fig. 4(a) and (b), we observe that
the low-RCS target is successfully detected using the proposed
method, unlike in the conventional 1-bit system employing
zero dither. Furthermore, when the Doppler of the high-RCS
target is perfectly known, the dither signal provides a near-
perfect cancellation of the return from the high-RCS target.

B. Case 2: Receiver Architecture for Known Doppler
Statistics (Single High-RCS and Single Low-RCS Target)

In practice, the exact Doppler of targets may not be avail-
able. However, a probability distribution of the Doppler can be
inferred based on the detected range (after matched filtering)
and the lane topology. For example, a target detected 18 m
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Fig. 5. Multilane highway scenario with targets of varying velocities and
RCS values. We assume that the radar can isolate returns from any direction
by beamforming. Under this assumption, the range estimate of the target can
be used to determine its Doppler statistics based on the lane topology.

away from the ego vehicle along 60◦ in Fig. 5 occurs on
lane where the speed limit is 80–100 km/h. The probability
distribution of the Doppler of targets on this lane can be
learned from a history of radar scans. In this article, we assume
that this distribution is known to construct the dither signal.

We adapt the receiver system architecture in Fig. 2 to a
scenario where the Doppler shift of the high-RCS target is
modeled as a random variable νH with a known distribution
f (νH). Then, our dither signal varies in the fast time as

q` [n] = γ̂H sn̂r,H [n] e j2πνd,H [n]` (17)

where νH[n] is sampled at random according to f (νH). Note
that the dither sample νH[n] is generated independently for
each fast-time index. In the special case, when f (νH) is a Dirac
delta distribution, the Doppler is perfectly known without
any uncertainty, and (17) converges to the dither signal in
(9). The dither vector q is constructed from (17) using (10).
After applying the sparse recovery algorithm and scaling as
per Section III-A, the channel estimate γ̂ is obtained. Fig. 6
shows the channel estimate when the high-RCS’s Doppler
statistics are uniformly distributed over four predetermined
values, i.e., νH ∼ U {0.1, 0.225, 0.25, 0.475}, with the actual
Doppler associated with the target being 0.475. The remaining
parameter values are identical to those in Section III-A.
Despite the ambiguity in the high-RCS target’s Doppler, the
proposed method achieves significant suppression of the high-
RCS target’s response, enabling the detection of the low-RCS
target. This demonstrates the robustness of the approach in
handling Doppler uncertainties.

Note: We define Doppler prior length as the number of
possible Doppler shifts for a high-RCS target, e.g., 4 for the
prior used in Fig. 6. As we do not focus on learning the
exact Doppler statistics, we assume a uniform distribution
within lane topology-based Doppler limits. For example, if
the Doppler prior length is 2 and the Doppler range is {νa, νb},
the Doppler distribution is U {νa, νb}.

C. Proposed Dither Signal for a General Scenario

In a general case, we consider H number of high-RCS
targets detected after matched filtering at ` = 0. We use f (νd,h)

Fig. 6. Channel estimation for one high-RCS target with Doppler prior of size
4 and |γ| = 1, and one low-RCS target with |γ| = 0.1. Our proposed method
can detect the low-RCS target even when the high-RCS target’s Doppler is
uncertain.

Fig. 7. For H identified high-RCS targets, the dither signal in our method
is obtained by adding dithers for each high-RCS target using their Doppler
statistics. The individual dithers are generated according to our procedure in
Section III-B.

to denote the Doppler distribution of the hth target. In this
scenario with multiple detected high-RCS signals, we propose
to set the dither signal in slow-time slot ` to

q` [n] =

HX
h=1

γ̂hsn̂r,h [n] e j2πνd,h[n]` (18)

where νd,h[n] is sampled at random from f (νd,h). This dither
signal shown in Fig. 7 is the sum of H different dither signals,
each generated according to (17). Our channel estimation pro-
cess for this scenario with multiple high-RCS targets remains
the same as the one in Section III-A. Here, Γ̂high is a matrix
with H nonzero entries instead of the one-sparse matrix in
Section III-A.

Fig. 8(b) illustrates the channel estimate using proposed
dithering for two high-RCS targets and one low-RCS target.
Each high-RCS target has an absolute RCS value of 1 and
the Doppler prior length 4, while the low-RCS target has an
absolute RCS value of 0.1. The remaining parameter values
are identical to those in Section III-A, with the exception of the
sparsity-inducing parameter, which takes the value α = 110 in
this case. Despite the presence of multiple dominant scatterers,
the proposed approach successfully suppresses the high-RCS
responses, unmasking the weaker target. This demonstrates
the scalability and effectiveness of the proposed architecture
in complex scenarios with multiple high-RCS targets and
uncertain Doppler shifts.
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D. Our Low-Complexity Implementation of Sparse Recovery

To aid our low-complexity implementation, the NL − N
dimension measurement vector y is extended as ye = [0N ; y],
where 0N is a zero vector of length N. Correspondingly, the
matrix A is extended to an L× L matrix Ae = [a0, . . . , aL−1].
The matrix Be is then derived from Ae according to (3). The
computational complexity of the sparse recovery iteration in
(5) is dominated by the inversion of B̃T

e B̃e + αD̃t. The com-
plexity to invert this 2 × 2NL matrix scales as O(N3L3). For
typical N and L in automotive applications, this cubic scaling
makes sparse recovery using (5) computationally expensive.

We select the transmit sequence s and steering matrix Ae so
that B̃T

e B̃e + αD̃t becomes diagonal. To motivate our choice,
we write

B̃T
e B̃e =

�
R
�
BH

e Be
�
−I

�
BH

e Be
�

I
�
BH

e Be
�
R
�
BH

e Be
� �

where the real and imaginary parts of BH
e Be are

R
�
BH

e Be
�

=
�

AeRAT
eR

+ AeIAT
eI

�
⊗
�
ST
RSR + ST

ISI
�

I
�
BH

e Be
�

=
�

AeRAT
eR

+ AeIAT
eI

�
⊗
�
ST
RSI − ST

ISR
�
.

Now, we assume Nr = N, Nd = L, and set the Doppler grid
for (2) as νgrid = [0, 1/L, . . . , (L − 1)/L]. With this choice, Ae
is L times the inverse DFT matrix and (AeRAT

eR
+ AeIAT

eI
) is

hence diagonal. Next, we set s to a Zadoff–Chu (ZC) sequence
s[n] = exp (− jπn2/N) so that (ST

RSR + ST
ISI) is diagonal,

while (ST
RSI − ST

ISR) is zero. This is due to the fact that the
ZC sequence is orthogonal to its circularly shifted version. In
summary, our design makes B̃T

e B̃e + αD̃t diagonal and thus
reduces the cost of computing its inverse from O(N3L3) to
O(NL).

Our choice of Nr = N and Ae also aids fast matrix-vector
multiplication in B̃T

e x̃, an operation in (5) for x̃ = g̃t + ηq̃.
This speed-up is achieved using the fast Fourier transform
(FFT), denoted by the operator F(·), and its inverse operator
F−1(·). For matrices, we define the row-wise FFT operator
as Frow(·) and the column-wise FFT operator as Fcol(·), with
corresponding notations for their inverses. Due to the circulant
structure of S and the inverse DFT Ae, the matrix-vector
multiplication can be computed using

BH
e x = L vec

�
Fcol

�
diag ((F (s∗)))

�
· F−1

col (Frow (X))
�

B̃T
e x̃ =

�
R
�
BH

e x
�

;I
�
BH

e x
��

where X is the N×L matrix obtained by reshaping NL×1 vec-
tor x. With our implementation, the computational complexity
of the update in (5) is dominated by the matrix-vector mul-
tiplication step. Our design choice reduces its computational
complexity from O(N3L3) to O(NL log(N2L)).

E. Possible Directions to Address Limitations of Our Work

We now discuss the limitations of our work and possible
research directions to address them. First, our approach does
not leverage the matched filter’s output as side informa-
tion while solving the one-bit sparse recovery problem in
Section II-B. To see how this side information can be derived,
observe that the matched filtered output indicates the range

bins associated with high-RCS targets, with the only ambi-
guity being the Doppler associated with those targets. This
information, together with the Doppler statistics, can be used
as a soft prior to encourage nonzero entries at the locations
where high-RCS targets are likely to occur.

Second, our approach also assumes that the generated dither
signal temporally aligns with the return from the high-RCS
target on a fast-time scale. In practice, however, the two signals
are not perfectly aligned in time, with the misalignment typi-
cally being a fraction of the fast-time interval. We do not study
the impact of temporal misalignment in this article. A possible
approach to compensate for this misalignment is to introduce
an analog true-time delay element in the received signal chain.
Developing true-time delay compensation algorithms with the
mixed-resolution ADC receiver is beyond the scope of this
article.

Third, our approach assumes pencil beam transmission,
resulting in no more than one target per range bin. In practice,
however, the beams have a finite beamwidth, due to which
multiple targets may be present in each range bin. In such a
setting, our dithering strategy can remain unchanged, while
our radar channel estimation algorithm must be modified
to account for multiple targets. For example, this can be
achieved by replacing (11) with a constant false alarm rate
(CFAR) detector to account for multiple targets in a range
bin. Then, the RCS of strong targets can be estimated using a
mixed-resolution measurement model instead of (13). Finally,
the radar channel comprising low-RCS targets and high-RCS
targets can be combined similarly to (16).

IV. PERFORMANCE ANALYSIS OF LOW-RCS TARGET
DETECTION UNDER DITHERING

We consider a two-target scenario to analyze the probability
of detecting the low-RCS target as a function of the dither
signal. Here, our emphasis is only on low-RCS target detec-
tion, which is challenging due to one-bit measurements. To
aid a tractable analysis, we consider the Neyman–Pearson (NP)
detector instead of the one-bit sparse recovery in Section II-B.
Our simulations in Section VI, however, are based on more
complex scenarios where we use one-bit sparse recovery.
Using our analysis, we study detection with the proposed
dither signal as a function of the dynamic range and the
number of measurements.

From (3), we observe that the return from a target in a
specific range-Doppler bin is proportional to the corresponding
column in B. We assume that the high-RCS target is at
the range-Doppler bin corresponding to column c1 in B and
the low-RCS target is at the bin associated with column
c2. For simplicity, we set the high-RCS target’s RCS as 1
and the low-RCS target’s RCS as a real-value γ. In our
method, the high-RCS target is detected using high-precision
measurements from the first slow-time interval (` = 0) using
matched filtering. Assuming that the high-RCS target has been
detected, we focus on low-RCS target detection using the
subsequent one-bit measurements ỹ acquired with a dither
signal q.
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To study low-RCS target detection from ỹ, we employ the
following binary hypothesis testing model:(

H0 : ỹ (q̃) = sign (τ̃0 (q̃))
H1 : ỹ (q̃) = sign (τ̃1 (q̃))

where τ̃0(q̃) = b̃T
c1
+ ẽ − q̃, and τ̃1(q̃) = b̃T

c1
+ γb̃T

c0
+ ẽ − q̃.

The likelihood ratio test in an NP detector is

T (ỹ (q̃)) =
f1 (ỹ (q̃))
f0 (ỹ (q̃))

H1
≷
H0

κ

where f1(ỹ, q̃) and f0(ỹ, q̃) denote the pdfs under hypothesis
H1 and H0, respectively. For this detector, we derive the
probability of false alarm PFA and the probability of detection
PD as a function of q̃

PFA (q̃) = 1 − Φ

�
ξ̃ (q̃) − µ0 (q̃)

σ0 (q̃)

�
(19)

PD (q̃) = 1 − Φ

�
ξ̃ (q̃) − µ1 (q̃)

σ1 (q̃)

�
(20)

where µi(q̃) and σ2
i (q̃) for i = {0, 1} are defined as follows:

µi (q̃) =

2NLX
m=1

 
1 − 2Φ

 
−
√

2τi,m
�
q̃m

�
σ

!!

σ2
i (q̃) = 4

2NLX
m=1

Φ

 
−
√

2τi,m
�
q̃m

�
σ

!

×

 
1 − Φ

 
−
√

2τi,m
�
q̃m

�
σ

!!
ρ2

m

�
q̃m

�
where ρm(q̃m) and ξ̃(q̃) are given by

ρm

�
q̃m

�
= ln

Φ
�
−
√

2τ̃1,m(q̃m)
σ

�
Φ
�
−
√

2τ̃0,m(q̃m)
σ

� + ln
1 − Φ

�
−
√

2τ̃1,m(q̃m)
σ

�
1 − Φ

�
−
√

2τ̃0,m(q̃m)
σ

�
ξ̃ (q̃) = 2 ln κ −

2NLX
m=1

ln
Φ
�
−
√

2τ̃1,m(q̃m)
σ

�
Φ
�
−
√

2τ̃0,m(q̃m)
σ

�
−

2NLX
m=1

ln
1 − Φ

�
−
√

2τ̃1,m(q̃m)
σ

�
1 − Φ

�
−
√

2τ̃0,m(q̃m)
σ

� .
Proof: See Appendix A. �

As our method draws the dither signal from a distribution,
we compute the probability of detection by averaging the
expression in (20) for several realizations of q̃ in (18). For
N = L = 24, Nr = N, Nd = L, and SNR = 20 dB, the
probability of detection for the proposed method with Doppler
prior lengths of 1 (known Doppler), 2, and 12 is compared
to conventional one-bit radars in Fig. 9. In addition to the
zero thresholding in 1-bit, we compare our method against
two uniform random dithering techniques:

A. Uniform Random Dithering [17]

In this case, 1-bit quantization is performed in all slow-
time slots, including the first slot. The dither signal for each
pair of ` and n is drawn from i.i.d. uniform distribution, i.e.,
q̃`[n] ∼ U[−1, 1].

B. Power Adjusted Uniform Random Dithering

Our approach uses a high-resolution at the ADC in the
first slow-time slot, unlike [17], which uses 1-bit ADCs
throughout. For a fair comparison, we adapt the technique
in [17] to the ADC resolution profile in this article. We call
this benchmark as power-adjusted uniform random dithering.
In this benchmark, the power associated with the high-RCS
targets, denoted as pH , is estimated from the matched filter
output in (8).

A dither signal with entries drawn from U[−1, 1] is effective
when the power of high-RCS targets is comparable to the
dither signal’s power, i.e., 1/3. This is because the average
power of U[−1, 1] is 1/3. When the power pH is substantially
different from 1/3, the uniform dithering technique becomes
less effective. The power-adjusted uniform random dithering
benchmark generates a dither signal whose power is compara-
ble to pH . This is achieved by drawing the dither signal entries
according to q`[n] ∼ U[−(3pH)1/2, (3pH)1/2]. The choice of the
limits −(3pH)1/2 and (3pH)1/2 ensures that the average power
of the dither signal matches the high-RCS signal power pH .

1) Evaluating Various Dithering Methods Using PD in
(20): When the absolute RCS of the weak target drops to
0.1, its return signal power becomes comparable to the noise
power at an SNR of 20 dB and falls below the noise level
as the RCS decreases further. A significant improvement in
PD is observed when the SNR for the weak target’s return
signal falls below 0 dB. This improvement is achieved using
the proposed mixed-resolution architecture with Doppler prior-
based dithering, compared to the conventional one-bit radar
system, a one-bit system with uniform dither, and a mixed-
resolution system with power-adjusted uniform dither. For
instance, when the absolute RCS value of the low-RCS target
is 0.07, the proposed method achieves a 95% probability of
detection for a Doppler prior length of 12. This is substantially
higher than 64% with a one-bit system with no dithering.

We also observe from Fig. 9 that the detection probability
for the proposed method increases to 99.95% and 99.99% as
the Doppler prior length decreases to 2 and 1, respectively.
As the Doppler prior length increases—indicating greater
uncertainty—the detection performance degrades. However,
even with larger Doppler priors, the proposed method sig-
nificantly enhances the dynamic range by leveraging the
probability distribution of the Doppler, ensuring a higher
probability of detecting low-RCS targets.

Finally, increasing the number of measurements enhances
the ability to distinguish between noise and weak targets.
This relationship is illustrated in Fig. 10, where increasing N
and L while keeping all other parameters constant, improves
PD. To achieve detection comparable to an infinite resolution
system with a grid size of 10× 10, the proposed architecture
requires a grid size of 30 × 30, compared to 70 × 70 for a
one-bit system with zero thresholds. This demonstrates that
by adapting the ADC resolution and designing a situation-
aware dither signal, the dynamic range can be substantially
improved while requiring significantly fewer measurements
than conventional one-bit systems.
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Fig. 8. Channel estimation for two high-RCS targets with Doppler prior of length 4 and |γ| = 1 each and one low-RCS target with |γ| = 0.1. The dither signal
generated with our method facilitates low-RCS target detection, even under Doppler uncertainty on the high-RCS targets. The conventional one-bit system
using a zero dither fails to detect the low-RCS target. (a) Conventional one-bit system. (b) Proposed mixed-resolution system with a Doppler prior (length 4).

Fig. 9. Comparison of probability of detection PD for a grid size N × L =
24× 24 for different dithering signals and receiver designs. As expected, PD
is higher when the uncertainty on the high-RCS target’s Doppler is low.

V. CRB FOR LOW-RCS TARGET PARAMETER ESTIMATION

In this section, we study the Cramér–Rao bound (CRB)
for weak targets’ RCS estimation. In conventional one-bit
systems without dithering, the strong target saturates the quan-
tizer, which severely degrades the Fisher information available
for the weak target. In contrast, the use of situation-aware
dithering alleviates saturation by suppressing the dominant
target’s contribution to the quantized measurements, thereby
enhancing the dynamic range for the weak target.

For the mixed-resolution framework considered in this arti-
cle, the Fisher information matrix (FIM) is computed using
both the high-resolution measurements from the initial slow-
time slot and the subsequent dithered one-bit measurements. A
formulation of the FIM for mixed-resolution radar systems was
previously derived in [10] in the context of MIMO radar with
a spatial array of mixed-resolution ADCs. We apply the result
from [10] to a single-antenna system with an ADC whose
resolution varies temporally. Using the approach in [10], the
FIM in our setting can be expressed as

FIM (q) = UQFIM + QFIM (q) (21)

where UQFIM is the FIM from the unquantized measurements
and is given by

UQFIM =
2
σ2 B̃T

U B̃U (22)

where
B̃U =

�
R
�
aT

0 ⊗ S
�
−I

�
aT

0 ⊗ S
�

I
�
aT

0 ⊗ S
�
R
�
aT

0 ⊗ S
� � .

The term QFIM(q) corresponds to the Fisher information
from the quantized measurements and is given by [38]

QFIMi, j (q) =
2
σ2 B̃T

Q,0

�
gR (q) � B̃Q,0

�
+

2
σ2 B̃T

Q,1

�
gI (q) � B̃Q,1

�
where

gR (m, q) =

ϕ2
�
R(bT

mγ)−qR√
σ2/2

�
Φ

�
R(bT

mγ)−qR√
σ2/2

�
Φ

�
−R(bT

mγ)+qR√
σ2/2

�

gI (m, q) =

ϕ2
�
I(bT

mγ)−qI√
σ2/2

�
Φ

�
I(bT

mγ)−qI√
σ2/2

�
Φ

�
−I(bT

mγ)+qI√
σ2/2

�
and

B̃Q,0 =
�
R(B̃) −I(B̃)

�
B̃Q,1 =

�
I(B̃) R(B̃)

�
.

The corresponding CRB matrix is then obtained by inverting
the FIM as

CRB (q) = FIM−1 (q) . (23)

The diagonal entries of the CRB matrix provide lower
bounds on the variances of the estimation errors for the RCS
values of targets in each range-Doppler bin. For a target
located at range bin nr and Doppler bin nd, the corresponding
CRB entry for its RCS estimate is given by the ((nr − 1)ND +
nd)th element in the diagonal of the CRB matrix. In our setup,
we compute the CRB for the low-RCS targets by summing the
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Fig. 10. Comparison of probability of detection PD for different grid sizes
N × L for proposed mixed-resolution system architecture and Doppler prior
length 4. Our system outperforms a conventional one-bit receiver using zero
dither.

Fig. 11. CRB for RCS estimation of the weak target in the presence of one
dominant target, for different dithers and receiver designs. Here, the grid size
N × L = 24× 24.

diagonal entries corresponding to their range-Doppler indices.
The total CRB for the weak targets is therefore given by the
sum of the relevant entries in CRB(q). In Figs. 11 and 12, we
plot the CRB corresponding to the weak target in a scenario
with one high-RCS and one low-RCS target to highlight the
performance gains achieved by our proposed situation-aware
dithering and mixed-resolution strategy.

Figs. 11 and 12 illustrate that the proposed mixed-resolution
architecture consistently achieves a lower CRB for the weak
target’s RCS across various dithering strategies and grid sizes.
This confirms that, even in the presence of dominant targets
and coarse quantization, incorporating a small number of high-
resolution samples significantly improves the lower bound on
estimation accuracy. It is important to interpret these estima-
tion bounds in conjunction with the probability of detection
results shown in Figs. 9 and 10. Our CRB for RCS estimation
is conditioned on successful target detection. In low-SNR or
highly masked regimes, where the probability of detection is
low, the relevance of the CRB as a performance benchmark
diminishes. Therefore, the CRB study is particularly meaning-
ful when viewed alongside the detection curves in Fig. 9.

VI. SIMULATION RESULTS

The probability of detection, while essential, does not pro-
vide a comprehensive performance metric, as it only quantifies
the detectability of a weak target. For a more comprehensive

Fig. 12. CRB for RCS estimation of the weak target in the presence of one
dominant target, for different grid sizes N×L. Here, we consider our proposed
mixed-resolution architecture with a Doppler prior length of 4.

TABLE I
SIMULATION PARAMETERS

performance analysis, we also evaluate the NMSE of the radar
channel associated with the low-RCS targets, i.e.,

NMSE = 10 log10



Γtrue �
�
Mob −Mhigh

�
− Γ̂low



2
2

Γtrue �

�
Mob −Mhigh

�

2
2

where Γtrue represents the ground-truth range-Doppler matrix.
The NMSE is evaluated for the scenarios discussed in

Sections III-A and III-C. The average NMSE with respect
to the dither signal is computed by running the estimation
algorithm over 1000 instances, each instance generating an
independent realization of the dither signal, and finally taking
an average. The simulation parameters that remain constant
across all scenarios are summarized in Table I, while scenario-
specific variable parameters are detailed during the discussion.
For all scenarios, the absolute RCS value of the low-RCS
target is varied between 0.01 and 0.5 to evaluate system
performance across a range of target strengths. In addition, we
present channel estimation results for a practical automotive
scenario in Section VI-C.

A. Scenario 1: One High, One Low-RCS Target

This scenario involves one high-RCS target with an absolute
RCS value of 1 and one low-RCS target. Fig. 13 illustrates the
NMSE of the channel with respect to the absolute RCS value
of the low-RCS target, estimated using the proposed mixed-
resolution architecture with various Doppler prior lengths. The
results are compared against a conventional one-bit system
with zero and uniformly distributed thresholds, and a mixed-
resolution architecture with power-adjusted uniform thresholds
for N = L = 24 and α = 70.
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Fig. 13. Comparison of NMSE in the estimated RCS of the weak target in
the presence of one dominant target for a grid size N × L = 24 × 24 for
different dithering signals and receiver designs.

Fig. 14. Comparison of NMSE in the estimated RCS of the weak target in
the presence of one dominant target for different grid sizes N × L for the
proposed mixed-resolution system architecture and Doppler prior length 4.

As evident from Fig. 9, the proposed mixed-resolution
system provides superior RCS estimates compared to zero and
different uniform dithering. Even with a Doppler prior length
of 12, the proposed architecture, combined with Doppler-
prior-based dithering, outperforms the conventional one-bit
system with zero and uniformly distributed thresholds, as
well as the mixed-resolution architecture with power-adjusted
uniform thresholds both in terms of detection capability and
accuracy of detection. Furthermore, Fig. 14 shows the NMSE
across varying fast-time and slow-time pulse lengths for a
Doppler prior length of 4. These results demonstrate that the
proposed method not only requires fewer measurements for
better detectability compared to other dithering strategies but
also achieves significantly better estimation accuracy.

B. Scenario 2: Two High, One Low-RCS Targets
This scenario builds on the previous setup by introducing

two high-RCS targets, each with an absolute RCS value of 1,
in addition to one low-RCS target. Fig. 15 shows the NMSE
performance for this configuration, with system parameters set
to N = L = 40 and α = 60. In this case, a Doppler prior of
length 4 is assigned to each high-RCS target.

As seen in Fig. 15, the proposed mixed-resolution architec-
ture continues to outperform the conventional one-bit system
with zero and uniformly distributed thresholds, as well as the

Fig. 15. Comparison of NMSE in the estimated RCS of the weak target in
the presence of two dominant targets for a grid size N × L = 40 × 40 for
different dithering signals and receiver designs.

Fig. 16. Comparison of NMSE in the estimated RCS of the weak target in
the presence of two dominant targets for different grid sizes N × L for the
proposed mixed-resolution system architecture and Doppler prior length 4.

mixed-resolution system with power-adjusted uniform thresh-
olds. Notably, even with two high-RCS targets, our Doppler
prior-based dithering enables a more accurate estimation of the
weak target’s RCS. Fig. 16 shows NMSE for different numbers
of radar channel measurements, i.e., NL. The proposed method
outperforms the benchmarks while requiring fewer measure-
ments than other dithering techniques.

C. Scenario 3: Lane Topology-Based Priors
Fig. 5 illustrates a multilane highway scenario, where an

ego vehicle with a radar, traveling at 80km/h, detects multiple
targets with the radar beam directed at a 60◦ angle.

We demonstrate this scenario to emphasize the effectiveness
of estimating channel parameters for weak targets in the
presence of dominant reflections from high-RCS targets, par-
ticularly under conditions with varying Doppler priors. Using
the lane topology in Fig. 5, the Doppler priors are assigned
based on the range estimates from matched filtering.

The channel estimation results demonstrate the robustness
of the proposed mixed-resolution architecture in such complex
conditions. The cyclist, with |γ| = 0.1, represents a low-
RCS target with a weak return signal, which is particularly
challenging to detect amidst strong reflections from high-RCS
targets such as trucks and cars. With N × L = 450 × 450,
conventional one-bit radar systems can detect the cyclist and
similar weak targets. However, as seen in Fig. 17(a), the one-
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Fig. 17. Channel estimation results for the multilane highway scenario in Fig. 5 with different dithering signals and receiver designs. The proposed situation-
aware dithering technique with a mixed-resolution ADC detects both high- and low-RCS targets, while a conventional one-bit system fails in detecting the
low-RCS targets. (a) Conventional one-bit system. (b) Proposed mix-res system with Doppler prior-based dithering. (c) Conventional one-bit system with
uniform dithering. (d) Mix-res system with power-adjusted uniform dithering.

bit system introduces significant false artifacts around the
actual low-RCS targets due to its limited dynamic range.
The use of uniformly distributed thresholds reduces these
artifacts, but the issue of false alarms persists as seen in
Fig. 17(c).

Fig. 17(b) and (d) showcases the channel estimation results
obtained using the proposed mixed-resolution architecture with
the Doppler-prior-based thresholds and power-adjusted uni-
formly distributed thresholds, respectively. The results clearly
highlight the robustness of the mixed-resolution system. Our
Doppler-prior-based dithering not only accurately estimates
the weak targets but also minimizes false alarms significantly,
even in the presence of strong reflections from high-RCS
targets. In contrast, while the power-adjusted uniformly
distributed thresholds show improvement over conventional
one-bit systems, their performance deteriorates as the grid size
decreases, consistent with earlier observations.

The proposed dither signal adapts to the radar channel real-
ization by exploiting the high-resolution measurements. This
adaptation ensures suppression of dominant target reflections,
unmasking weaker targets such as the cyclist with higher
accuracy. Furthermore, our dither signal leverages the Doppler
prior by assigning Doppler priors to different lanes based
on the range estimates from matched filtering. We observe
that our method distinguishes closely spaced targets with
overlapping Doppler shifts, such as the two trucks in lane-3,
moving at 105 and 120 km/h. By ADC resolution adaptation
and situation-aware dithering, our mixed-resolution system
provides superior channel estimates from fewer measurements
than conventional systems.

Fig. 18. Visual representation of training and test distributions for Doppler
mismatch analysis.

D. Impact of Doppler Prior Mismatch

Our situation-aware dithering technique assumes perfect
knowledge of the Doppler prior. In this section, we study
how a mismatch in this prior impacts estimating the RCS of
weak targets with our method. In our study, we consider one
high-RCS target with |γ| = 1 and one low-RCS target with
|γ| = 0.1.

Our dither signal is constructed by assuming that the
Doppler prior is a uniform probability mass function over
[−∆train,∆train] in steps of the Doppler resolution νres, i.e., over
the set defined as νtrain = {−∆train : νres : ∆train}. We denote this
discrete uniform distribution, shown in Fig. 18, as U {νtrain} and
the corresponding probability as 1/|νtrain|. We call U {νtrain} the
training distribution as the dither signal is generated based on
this prior.
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Fig. 19. Comparison of NMSE in the estimated RCS of the weak target in
the presence of one dominant target for different TVD between the training
and test Doppler distributions.

To study the robustness of our approach against Doppler
prior mismatch, we consider a test distribution which also
comprises Doppler values outside νtrain. For simplicity, we
model the test distribution as a uniform prior over a wider
Doppler ambiguity range, as shown in Fig. 18. This range is
defined as νtest = {−∆test : νres : ∆test}, where ∆test ≥ ∆train,
and the test distribution is U {νtest} with a probability 1/|νtest|.
To quantify the impact of prior mismatch on our method,
we compute the average NMSE in the RCS estimate of low-
RCS targets for each value of ∆test ∈ {∆train : νres : νmax}

over multiple iterations. Each iteration employs a random
realization of the dither signal generated from our training
distribution. The mismatch between the training and testing
Doppler distributions is quantified using the total variation
distance (TVD) [39]. The TVD is 0 for identical distribu-
tions and is 1 for distributions supported on disjoint sets.
For the distributions in Fig. 18, the TVD can be computed
as

TVD =
1
2

X
ν∈S

ˇ̌̌̌
1{ν∈νtrain}

|νtrain|
−

1{ν∈νtest}

|νtest|

ˇ̌̌̌
(24)

where S = νtrain ∪ νtest, 1{ν∈νtrain} is 1 if ν is in the training
set, 0 otherwise, and similarly for 1{ν∈νtest}. The TVD is
higher for a large mismatch between the training and the test
distributions.

Fig. 19 shows the NMSE for weak target RCS estima-
tion and the TVD for N = L = Nr = Nd = 50,
σ2/2 = 0.01. Here, νtest includes 5 Doppler values cen-
tered around ν = 0. We observe from Fig. 19 that the
NMSE gets worse with an increasing TVD. Even under
a prior mismatch of up to 0.3 TVD, our situation-aware
dithering approach performs better than zero dithering. This
follows from our observation that the NMSE with zero
dithering (dotted blue curve in Fig. 14) is higher than the
NMSE in Fig. 19 for a mismatched prior. Accounting for
prior mismatch within the dithering method is an interest-
ing research direction, which is beyond the scope of this
article.

VII. CONCLUSION

We showed how ADC resolution adaptation, together with
situation-aware dithering, can address the limited dynamic
range problem in low-resolution radars. Our method sets a
high resolution at the ADC in the first slow-time slot and
a low resolution in the subsequent slots within a CPI. The
high-resolution measurements acquired in the first slot, along

with the Doppler statistics, are used to construct a dither
signal to obtain low-resolution measurements. We also devel-
oped a radar channel estimation algorithm from the acquired
mixed-resolution measurements. In addition, we presented
a low-complexity implementation of our channel estimation
technique using ZC transmit sequences. Through analysis
and simulations, we demonstrated that our mixed-resolution
architecture with situation-aware dithering not only achieves
a higher probability of detection for low-RCS targets but also
results in lower NMSE in channel estimates than benchmarks.

APPENDIX A
DERIVATION OF PFA AND PD IN (19) AND (20)

Our derivation of PFA and PD follows the analysis in
[8], by incorporating an additional dither signal. Recall from
Section IV that f1(ỹ) and f0(ỹ) are the pdfs under hypothesis
H1 and H0, respectively, i.e.,

f1 (ỹ (q̃)) =

2 NLY
m=1

�
Pỹm=1(H1)

� ỹm+1
2
�
1 − Pỹm=1(H1)

� 1−ỹm
2 (25)

f0 (ỹ (q̃)) =

2 NLY
m=1

�
Pỹm=1(H0)

� ỹm+1
2
�
1 − Pỹm=1(H0)

� 1−ỹm
2 . (26)

Since the elements of the vector ỹ are independent with each
other and ẽ is a vector with each element following an i.i.d.
Gaussian distribution with zero mean and variance σ2/2, we
deduce:

Pỹm=1(H1) = 1 − Φ

 
−
√

2τ̃1,m
�
q̃m

�
σ

!
Pỹm=1(H0) = 1 − Φ

 
−
√

2τ̃0,m
�
q̃m

�
σ

!
.

Now, from (25) and (26), we obtain the one-bit logarithmic
likelihood detector as

ln T (ỹ (q̃)) = T̃ (ỹ (q̃)) =

2NLX
m=1

ỹm

�
q̃m

�
ρm

�
q̃m

� H1
≷
H0

ξ̃ (q̃) .

Note that the one-bit outputs {ỹm(q̃)} follow the Bernoulli
distribution with probability P = 1 − Φ(−

√
2τi,m(q̃)/σ) under

Hi. According to the central limit theorem [40], when NL is
sufficiently large, the detector T̃ (ỹ(q̃)) follows:

T̃ (ỹ (q̃)) a
∼ N

�
µi (q̃) , σ2

i (q̃)
�
, under Hi

where “a” denotes an asymptotic pdf. Finally, the expressions
for PFA(q̃) and PD(q̃) in (19) and (20), respectively, are
obtained by evaluating

PFA (q̃) = P
˚
T̃ (ỹ (q̃)) ≥ ξ̃ (q̃) |H0

	
PD (q̃) = P

˚
T̃ (ỹ (q̃)) ≥ ξ̃ (q̃) |H1

	
which are written in terms of the complementary cdf of the
standard normal distribution.
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